Existing studies have focused on the negative impact of inefficient resource allocation on energy performance in China's factor market, but neglected to further explore the underlying reason for this phenomenon from the perspective of market segmentation. In this paper, the epsilon-based measure model, which combines the merits of radial and non-radial Data Envelopment Analysis, is employed to measure the energy efficiency, and price index method derived from Iceberg Transport Cost model is used to examine the degrees of market segmentation. On the basis, we use the Tobit model to empirically investigate the impact of market segmentation on China's energy efficiency. The results show that although energy efficiency in the eastern region is higher than that in the central and western regions, the energy efficiency gap is narrowing significantly between the eastern and central, but insignificantly between the western and eastern. Although efforts have been made towards a unified national market, the western provinces still have more segmented markets than the eastern still. Econometric analysis indicates that market segmentation is negative to China's energy efficiency significantly. This finding remains robust even if the endogeneity is excluded and the dependent variable is re-measured by the slack-based measure model, but is of a regional heterogeneity. We also find that factor market distortion, enterprises' R&D investment, and industrial agglomeration are three mediation mechanisms through which market segmentation affects energy efficiency. In-depth analysis indicates that there is a Race to the Top competition centering on market segmentation among Chinese local officials in geospatial and economic space, which triggers a long-term inhibition to energy efficiency.
Introduction
Since launching its open-door policy and economic reforms in late 1978, China has experienced spectacular economic growth. In this course, China has been heavily dependent on dirty-burning coal to fuel its rapidly growing economy, and consumed two to three times energy of the United States, Germany and Japan to produce per unit of GDP in 2016, respectively (BP, 2016) . Until recently, China had valued economic growth above environmental protection. A combination of these factors has given rise to unprecedented environmental pollution and health risks across the country (Ho and Nielsen, 2007; The World Bank, 2007; Zhang, 2010 and 2015a) . Moreover, China overtook the United States as the world's largest carbon emitter in 2006, and surpassed the combined carbon emissions of the United States and the European Union in 2013 (Choi et al., 2012; Wang et al., 2013) .
The extensive way of energy utilization and its resulting traditional pollution and carbon pollution not only put China under the tremendous pressure from international community, but also threaten its sustainable development. In order to promote energy efficiency and pursue low-carbon transition, the Chinese government incorporated Green Development as one of the "Five Major Principles" into the 13th Five-Year (2016 -2020 Plan. At the 2015 Paris Climate Conference, China committed to capping its carbon emissions around 2030, and to trying to peak early. In addition, China pledged to reduce the carbon intensity of its economy by 60-65% by 2030 compared to 2005 levels. Hence, it can be widely seen that saving energy and controlling carbon emissions have become a key theme in China's economic and social development for some time to come (Zhang, 2015a,b and 2017) .
On the related research front, scholars have studied ways to improve China's energy efficiency from the perspectives of urbanization, industrial structure, foreign direct investment, and energy consumption mix (Feng et al., 2009; Guo et al., 2011; Elliott et al., 2013; Zhou et al., 2013; Li and Lin, 2014; Tian et al., 2014; Ma, 2015; Yan, 2015; Elliott, et al., 2017) . In recent years, with the transformation of China's economy, they have begun to shift the research focus from the demand side to the supply side and arrive at the consensus that the inefficient resource allocation of factor market is the key to restricting China's energy performance currently (Li and Lin, 2015; Ouyang and Sun, 2015; Dai and Cheng, 2016; Yang et al., 2018b) . However, to the best of our knowledge, there is still a lack of in-depth research to investigate the underlying reason for this phenomenon.
In fact, it is widely recognized that fiscal decentralization reform carried out from the 1980s makes great contributions to the early rapid development of China, because local governments were provided with a powerful motivation to grow the economies by being granted with certain fiscal rights. However, this Chinese-style decentralization also drives local officials to split up the unified market. In order to increase GDP, tax revenues and employment within their jurisdiction, local officials often restrict the outflow of local resources and the inflow of non-local products using administrative measures (Poncet, 2005; Shao, et al., 2019) . Market segmentation, in theory, makes it impossible for production factors to flow freely in line with price signal, and consequently energy price gaps vary greatly from one region to another, which will bring about a series of grave consequences. Specifically speaking, the low-efficiency enterprises in resource-rich areas are given a greater possibility to survive from market competition by virtue of factor cost advantage. Meanwhile, the high-efficiency enterprises are forced out of the market due to factor cost disadvantage (Kumar et al., 2014; He et al. 2018a) . Clearly market segmentation is the underlying reason for the inefficient resource allocation in the factor market and further magnifies the loss of energy efficiency in China. Unfortunately, few previous studies examined this issue from the perspective of market segmentation. Although Li and Lin (2017a) pointed out that market integration is beneficial for improving energy efficiency, they neglected the game behavior hidden behind market segmentation among local governments. They also failed to explore the impact mechanisms between these two variables. Given the shortcomings of previous literatures, this paper innovatively studies the impact of market segmentation on energy efficiency in China and the regional heterogeneity of such effect. On the basis of these, the mediation mechanisms between them are further investigated. Furthermore, we explore the game behavior behind market segmentation among local governments and its long-term impact on energy efficiency. This study contributes to the existing literature by analyzing the reasons for China's low energy efficiency from an institutional perspective, and provides a valuable reference for the Chinese government to promote energy efficiency and accelerate market-oriented reforms.
The rest of this paper is organized as follows. Section 2 is a brief review of previous literature. Section 3 describes variables, model specification and data sources in detail. Section 4 gives the measuring results of energy efficiency and market segmentation in China's regional economies. In Section 5, we empirically examine the impact of market segmentation on energy efficiency and the regional heterogeneity of such effect. The impact mechanism between them are further discussed. We also investigate the game behavior hidden behind market segmentation among Chinese local governments in geospatial and economic space and its long-term impact on energy efficiency. Section 6 concludes with policy implications.
Literature review
With widespread local air pollution across China and urgent need to address global climate change, the increasing energy consumption and CO 2 emissions have made China's energy efficiency the focus of a growing number of studies. These studies can be divided into two groups. The first one attempts to use various improved models to measure energy efficiency in China's regions or industries. The second one pays special attention to the factors affecting China's energy efficiency.
In the first group of studies, two kinds of method are usually employed to measure energy efficiency (Wang et al., 2013) . One is the parametric method represented by Stochastic Frontier Analysis (SFA), and the other is the non-parametric method represented by Data Envelopment Analysis (DEA). Compared with SFA method, DEA method is used more widely because the explicit relationship between inputs and outputs is unnecessary to pre-determined (Lin and Du, 2015) . Hu and Wang (2006) have done a path breaking study in this field. They firstly defined the concept of energy efficiency and built a DEA model with energy, capital, labor and biomass energy as inputs and GDP as output. On the basis, they measured the total factor energy efficiency of China's 29 provinces for the period 1995-2002. It is found that the eastern provinces have a highest energy efficiency score, followed by the western and central. Drawing lessons from Hu and Wang (2006) , Zhao et al. (2014) and Song et al. (2015) further discussed China's energy efficiency based on a similar method.
Generally speaking, conventional DEA models used in the aforementioned studies are set to maximize desirable outputs (e.g., GDP) only; undesirable outputs, such as pollutants like SO 2 and CO 2 , however, are not taken into account. This setting is inconsistent with the production process in the real world (Wang and Lin, 2018) . To make up for such flaw, Chambers et al. (1996) and Chung et al. (1997) proposed a Directional Distance Function (DDF) in which the constraints of pollution emissions on the production process is simulated scientifically. Wu et al. (2012) used DDF to measure the average annual growth of energy efficiency in industrial sector of China. Along this line, He et al. (2013) evaluated the energy efficiency and productivity change in China's iron and steel industry.
In fact, DDF belongs to the radial DEA with an assumption that inputs and outputs adjust in the same proportion. Clearly, this assumption does not match reality and may have led to the biased result. In view of this, Tone (2001) proposed a non-radial slack-based measure (SBM) model in which slack variables are taken into account to distinguish the different proportion adjustment of inputs and outputs. SBM model makes up for the shortcomings of DDF and many scholars apply it to the studies of energy efficiency (Lin and Yang, 2014) . For example, Li and Hu (2012) computed the ecological total-factor energy efficiency (ETFEE) of 30 provinces in China for the period 2005-2009 using SBM model with undesirable outputs. It found that China's regional ETFEE still remains at a low level and is extremely unbalanced across various regions. Using a similar method, Li and Lin (2017b) further measured the ETFEE in the heavy industry and light industry of China. Despite its merits, SBM model discards varying proportions of original inputs and outputs (Avkiran et al., 2008) . In order to solve this problem, Tone and Tsutsui (2010) further proposed an epsilon-based measure (EBM) model which combines the merits of radial and non-radial DEA into a unified framework. This model is able to exhibit the original proportion adjustment of the frontier projection value and meanwhile adequately reflect the contrast among the non-radial adjustments of inputs or outputs (He et al., 2018b) .
The second group of research focuses on the factors affecting energy efficiency in China. For example, , Ma (2015) and Yan (2015) suggested that urbanization is conducive to promoting China's energy efficiency. Elliott et al. (2017) drew a similar conclusion and further explored intrinsic impact mechanisms between them. Zhou et al. (2013) , Li and Lin (2014) and Tian et al. (2014) studied the impact of industrial structure on China's energy efficiency, and pointed out that an effective way to improve China's energy efficiency is to upgrade and optimize industrial structure through technological innovation. Guo et al. (2011) and Feng et al (2009) studied the relationship between energy consumption structure and energy efficiency. From the perspective of foreign trade, Elliott et al. (2013) proposed that there is a negative correlation between FDI and China's energy intensity because foreign enterprises prefer to invest in energy-intensive industries.
To sum up, most of existing studies have explored ways to promote China's energy efficiency from the demand-side perspective, such as urbanization, industrial structure, energy consumption structure, and FDI. However, in line with the transformation of China's economic structure, scholars found that the pull effect of demand-side factors on energy efficiency is restricted, and supply-side factors are becoming a key driving force for China's energy efficiency . Therefore, research focus shifts from the demand side to the supply side. For example, Dai and Cheng (2016) proposed that China's energy industry has a serious factor market distortion, which leads to a great loss of energy efficiency. Particularly, Ouyang and Sun (2015) pointed out that China's industry-wide energy savings potential resulted from energy allocative inefficiency was about 9.71% during 2001 . Li and Lin (2015 and Yang et al. (2018b) carried out in-depth research in this field. We notice that a common problem reflected in these studies investigating China's energy efficiency from a supply-side perspective is that the irrational resource allocation of factor market is the key to restricting China's energy efficiency. However, few studies further explore the underlying reason for this phenomenon.
It is widely recognized that the Chinese fiscal reform carried out from the 1980s plays a positive role in promoting the rapid economic growth (Lin and Liu, 2000; Qiao et al., 2008) . Before the reform, Chinese local governments' fiscal revenue must be handed over to the central government, and the expenditure is uniformly allocated by the central as planned (Liu and Alm, 2016) . In that period, local governments are less motivated to grow the economies, because both the expenditure and revenue powers belong to the central government. In the early 1980s, China began to implement the fiscal decentralization reform so that local governments were provided with certain fiscal powers (Song, 2013) . Specifically, if a local government's revenue exceeds its expenditure, the surplus amount is owned by local government and needs not be handed over to the central (Jin et al., 2005) . Similarly, if a local government's expenditure exceeds its revenue, the excess amount is not subsidized by the central (Han and Kung, 2015) . Through a series of reforming measures, local governments have an increasing motivation to grow their economies to broaden a tax base. Especially after the implementation of tax-sharing reform in 1994, local fiscal power gets a further match with local administrative responsibilities (He, 2015; Yang, 2016) . However, with the deepening of reform, some drawbacks of Chinese-style decentralization began to appear. The long-term goal of fiscal reform is inconsistent with the short-term goal of local government (Pang et al., 2019) . In particular, in order to broaden the tax base, local governments often adopt a beggar-thy-neighbour policy to restrict the entry of non-local products and the outflow of local resources during their term of office, which will result in a loss of energy efficiency (Poncet, 2005; Shao et al., 2019) .
In theory, energy prices are lower in resource-rich areas, while those are higher in resource-poor areas. There is a natural energy price gap between two areas. If market segmentation does not exist, the price gap will be filled up due to the free flow of production factors (Kumar et al., 2014 , Ke, 2015 . However, in the real word, the price gap can be maintained because local governments often split market to protect local economy (Anderson and Nelgen, 2012) . The beggar-thy-neighbour measures taken by local governments bring about a series of grave consequences. The low-efficiency enterprises in resource-rich areas are given a greater possibility to survive from the market competition, benefiting from factor cost advantage. By contrast, the high-efficiency enterprises in resource-poor areas are forced out of the market due to factor cost disadvantage (He et al., 2018a) . Clearly, market segmentation is a very important reason for inefficient resource allocation in Chinese factor market and further enhances the loss of energy efficiency. But unfortunately, few studies examine this issue from the perspective of market segmentation. Li and Lin (2017a) once pointed out that regional integration is conducive to improving energy and environment performance in China. However, they deconstructed this problem from the perspective of economic integration, which result in a neglection of the game behavior hidden behind market segmentation among Chinese local governments. In addition, they also failed to examine the internal mechanisms through which market segmentation affects energy efficiency.
In summary, scholars have done a lot of studies on China's energy efficiency and its affecting factors, whereas there are still some shortcomings. First, most of previous studies measure China's 6 regional energy efficiency bases on a radial or non-radial DEA model. However, both of them have some defects in the theoretic logic, which could result in a biased energy efficiency score. Second, previous studies pay attention to the negative impact of inefficient resource allocation on energy performance in Chinese factor market, but neglect to explore the underlying reason for this phenomenon from the perspective of market segmentation. As would be expected, such literature could not provide theoretical guidance to solve this problem fundamentally. Third, due to the constraint of research perspective, previous literature which examines the relationship between regional economic integration and energy performance neglects the game behavior hidden behind market segmentation among local governments. Therefore, these studies cannot explain the self-reinforcing effect of market segmentation in China and its negative impact on energy efficiency.
Compared with previous studies, the contributions of this paper are mainly reflected in the following aspects. First, we employ the EBM model that combines the merits of radial and non-radial DEA to measure China's energy efficiency more accurately. Second, the paper empirically investigates the impact of market segmentation on energy efficiency and the regional heterogeneity of such effect. Moreover, we use mediating effect model to further explore the internal impact mechanism. Third, on the basis of Promotion Tournament Model, we further examine the Race to the Top competition centering on the market segmentation in geospatial and economic space of China and its long-term negative impact on energy efficiency.
Method
This section introduces the EBM model employed to measure energy efficiency and the price index method used to measure market segmentation. We also establish an econometric model to examine the relationship between market segmentation and energy efficiency, and then discuss the variable selection as well as data sources.
The EBM model for measuring energy efficiency
In contrast with conventional DEA method, EBM model combines the merits of radial and non-radial DEA into a unified framework. Therefore, we use it to measure the energy efficiency in each province of China.
Suppose that there are K (k=1, 2, …, K) provinces concerned and each province is regarded as a Decision Making Unit (DMU). Each DMU uses N (n=1, 2, …, N) inputs to produce M (m=1, 2, …, M) desirable outputs. The matrices of inputs and outputs are denoted as
. We assume X >0 and Y >0. The EBM model established by Tone and Tsutsui (2010) is as follows: s are non-radial slack variables of inputs and desirable outputs, respectively; ε denotes the importance of non-radial part and satisfies 0 1 ε ≤ ≤ ; ω is the weights of inputs or outputs. Before measuring the energy efficiency, ε and ω need to be pre-determined. Here we take x no ε and x no ω as an example to introduce the calculation process briefly 2 . Firstly, use the SBM model to measure the projected inputs n x in the frontier. Secondly, construct the correlation matrix [ ]
is the "affinity index" of p x and q x 3 . Thirdly, Solve the largest eigenvalue β and
ε and x no ω by plugging above results into Eq. (2).
Due to the limitations of current technology, inputs cannot be converted into desirable outputs 100%. Some "by-products", such as CO 2 and SO 2 , would be generated in the process of energy utilization inevitably. If these emissions are neglected, we may get a biased result. Thus, it is necessary to add undesirable outputs into EBM model on the basis of Tone and Tsutsui (2010) .
Suppose that there are J (j=1, 2, …, J) undesirable outputs in production. The matrix of undesirable outputs is B ={b jk }∈ J K R × . P(x)={(y, b): x can produce (y, b)} denotes production possibility set. In order to describe production process more reasonably, Färe et al. (2007) suggested that two additional assumptions should be imposed on P(x):
(1) Weak disposability of undesirable output. If (y, b)∈P(x) and 0 1 θ ≤ ≤ , then (θy, θb)∈P(x), which means that the reduction of undesirable outputs comes at the expense of desirable outputs.
(2) Null-jointness of desirable and undesirable outputs. If (y, b)∈P(x) and b=0, then y=0, which means that desirable outputs cannot be generated without undesirable outputs. 
8 established as follows: It should be pointed out that there are two forms of energy efficiency measured by DEA models: static one and dynamic one. The former's reference technology is limited to a fixed period, so it can not describe dynamic changes between two DUMs in different periods. The latter one not only measures the energy efficiency of a DMU relative to other DMUs in the same period, but also reflects the dynamic trend of efficiency change for assessed DMU in different time windows. Thus, it is necessary to apply DEA window analysis to Eq. (3). Before starting the efficiency measuring, we need to pre-determine the length of the window. In fact, DEA window analysis has an implicit assumption that there is no technical improvement within each window period (Sueyoshi et al., 2013) . In order to narrow the measurement errors, we set the window length to 2, following Yang et al. (2018a) , which means that annual reference technology set is composed of inputs and outputs in current and last year.
On the basis of the study above, referring to Hu and Wang (2006) and Bhat et al. (2018) , we define energy efficiency as follows: 
Measuring China's market segmentation
The methods of measuring market segmentation include production structure method (Young, 2000) , trade flow method (Poncet, 2003) , economic correlation method (Xu, 2002) and price index method (Parsley et al., 2001) . The first three methods are difficult to be consistent in logic (Shao et al., 2019) . Therefore, we use price index method to measure market segmentation in China. In fact, this method is derived from Iceberg Transport Cost model that traded goods value will "melt" like glaciers in transport due to the transaction cost between two areas (Samuelson, 1954) . So even if there is a complete arbitrage, the prices cannot be equal absolutely in two markets. The price gap will fluctuate within a certain interval. If this fluctuation tends to converge, market segmentation is decreasing, and vice versa. It can be seen that the key of constructing a market segmentation index is to measure the variance of relative prices between two regions. The detailed method is as follows.
First, it is essential to calculate the relative price between two regions:
where i and j denote two regions respectively; t denotes a period to be investigated; k is a type of commodity; p is the retail price index of commodity k. Relative price has a bearing on the order of two regions, so we need to calculate the absolute value 
q is the relative price used to calculate variance. It is only relevant to market segmentation and some random errors. Finally, market segmentation index could be obtained by calculating the variance of k ijt q for all types of commodity, and then merging the results by provinces, which is formulated as Eq. (7):
where N denotes the number of merged provinces.
Model specification, variables construction and data sources
In order to examine the impact of market segmentation on energy efficiency, we construct the following econometric model:
where it ee denotes energy efficiency of period t in province i; it seg denotes the market segmentation index which is the core dependent variable in this paper and β is its estimated coefficient; i λ denotes regional fixed effect; it ε is the perturbation term. it X denotes a set of control variables, including industrial structure, foreign direct investment, environmental regulation, energy consumption structure, ownership, and γ is the coefficient vector.
In this paper, the dependent variable is obtained by DEA-EBM model. Specifically speaking, the inputs are energy (E), labor (L), capital (K). The desirable output is GDP (Y). The undesirable outputs are carbon dioxide (CO 2 ) and sulfur dioxide (SO 2 ). Capital stock needs to be estimated by perpetual inventory method as described in Shan (2008) , because of the unpublished data in China's official statistical yearbook. Data on GDP and capital stock have been deflated to constant price in 2000. The accounting method of CO 2 refers mainly to Chen and Golley (2014) .
The independent variable is obtained by price index method. Drawing lessons from Shao et al. (2019) , we select the retail price indexes of grain, fresh vegetables, tobacco and alcohol, clothing, office supplies, articles for daily use, medicine, newspaper and magazine, fuel to construct market segmentation index.
In order to reduce the bias of omitted variables, some control variables affecting energy efficiency should be added into Eq. (8): (1) Industrial structure (ind). In contrast with other industries, the tertiary industry has a relatively low energy intensity. In pace with the development of China's economy, it plays an increasing role in promoting energy efficiency to upgrade industrial structure. Following Cheng et al. (2018) , we use the share of the tertiary industry output in gross output to measure industrial structure in each province.
(2) Foreign direct investment (fdi). There are mainly two competing views about how FDI affects energy efficiency. One view is that FDI could bring advanced technology and management experience to the host country, which is positive to local energy efficiency. Another view is that since developed countries adopt a stricter environmental regulation, a large number of industries with heavy CO 2 emissions would be transferred to developing countries, which is negatively related to local energy efficiency. Thus, the impact of FDI on China's energy efficiency is unpredictable. Following Li and Lin (2017a) , we use the share of FDI in regional GDP as the proxy variable.
(3) Environmental regulation (reg). According to the Potter hypothesis, environmental regulation could stimulate enterprises to enhance technological innovation, and thus promote energy efficiency in the long run. However, in order to meet the regulatory standards, enterprises have to bear added cost to control emissions in the short run, which may hinder technological innovation by crowding out R&D investment (Jaffe, 1995) . From this point of view, environmental regulation is negative to energy efficiency. We use the share of the investment for pollution control in GDP to measure environmental regulation in each province of China (Lanoie et al., 2008) .
(4) Energy consumption structure (ene). To a great extent, energy consumption structure is an important variable affecting regional energy efficiency. In contrast with clean energy, conventional energy, such as coal and fuel oil, has a higher emission intensity and a lower thermal efficiency. It can be predicted that there is a negative correlation between conventional energy consumption and energy efficiency. We use the ratio of coal in total energy consumption as the proxy (Lin and Du, 2015) .
(5) Ownership (own). For the state-owned and private enterprises of China, management mode and motivational method vary greatly. Previous research suggests that due to the public ownership, there is a lack of organizational vitality and tech-innovation motive in state-owned enterprises, which is unbeneficial to the promotion of China's energy efficiency (Han et al., 2007) . Thus, drawing lessons from Li and Lin (2017a) ，we use the share of state-owned enterprise output in the gross output to measure the ownership in various provinces.
This paper selects 30 provincial-level administrative units in mainland China as the sample. Tibet is excluded due to incomplete data. All the original data comes from China Statistical Yearbook, China Environment Yearbook, and China Energy Statistical Yearbook, from 2004 to 2016. The descriptive statistics of the variables mentioned above are shown in Table 1 . 
Main results
This section gives the measuring results of energy efficiency and market segmentation in China, and provides a brief analysis of the regional differences and trends for these two variables.
Measuring energy efficiency
We use MaxDEA to solve the linear programming presented in Eq. (3). Table 2 only shows measuring results for some years due to the space limitation. Energy efficiency scores measured by SBM model (see Appendix A) are also given in Table 2 for the sake of robustness. ee_ebm and ee_sbm denote the energy efficiency scores measured by EBM and SBM model, respectively. As shown in Table 2 , there are huge differences for ee_ebm in the eastern, central and western regions. The ee_ebm in the eastern region is generally higher than that in the central and western regions. Specifically speaking, Fujian performs best in 30 provinces with an average ee_ebm of 0.992, followed by Shanghai (0.988) and Guangdong (0.984). These three provinces all belong to the eastern region of China. Qinghai (0.379) and Ningxia (0.481) are the two western provinces with the lowest ee_ebm. Similar conclusions can be also drawn from the ee_sbm in Table 2 . Source: Own calculations. Fig. 2 depicts the historical trends of ee_ebm for the national average and the three regions (east, central and west). It can be seen that ee_ebm is high in the eastern region, but the growth rate is low. During the 13-year period from 2004 to 2016, the average annual growth rate is only 0.4%. By contrast, although ee_ebm in central region is lower than that in eastern region, the growth rate is relatively high, and reaches 1.6% per yaer. Therefore, the ee_ebm gap between central and eastern region is narrowing gradually. The average annual growth rate is also high in the western region, reaching 1.4%. However, the absolute level of ee_ebm in this region is still low, and threfore the ee_ebm gap between the western and eastern region is narrowing insignificantly. In the same way, we can draw the similar conclusions from the averaged trends of ee_sbm depicted in Fig. 3.  Fig. 2 . The averaged trends of ee_ebm. Fig. 3 . The averaged trends of ee_sbm. Fig. 4 depicts the average degrees of market segmentation in China's provinces. A darker color indicates that there is a more severe market segmentation problem. As can be seen that the degrees of market segmentation vary greatly across China, but certain regularities could be grasped. The average degree of market segmentation in the western region is generally higher than that in the eastern. The reason lies mainly in the economic gap between two regions. The eastern China has a developed market due to the advanced economy, but a poor resource endowment. Local governments, therefore, have a burning desire to expand market openness in order to make the best use of resources from other regions. On the contrary, the western local governments are inclined to adopt protectionist measures giving priority to enterprises within their jurisdiction. Fig. 5 depicts the kernel density evolution paths of market segmentation in China. Each curve shows the density of data on the coordinate axis. A higher peak indicates that the data is denser at this point. A wider peak suggests that there is a set of data with greater diversity in this interval (Herrerias, 2012; Jeon and Taylor, 2016) . According to the distribution, morphology and evolution of curves in Fig. 5 , we can make some basic judgments about market segmentation in China. From the positional point of view, the density curve is moving to the left, indicating that market segmentation index is declining year by year. From the distributive point of view, the curves skew to the left, suggesting that the market segmentation problem in some provinces are more serious than that in the rest. From the morphological point of view, the height of the peak is rising with time, and the width is decreasing, suggesting that the degrees of market segmentation show a convergence in China. 
Measuring market segmentation

Results and discussion
In this section, we empirically investigate the impact of market segmentation on energy efficiency and the regional heterogeneity of such effects. On this basis, the internal impact mechanisms between them are further explored. Considering the characteristics of China's current administrative system, we also examine the Race to the Top competition centering on market segmentation among Chinese local governments in geospatial and economic space and its long-term negative impact on energy efficiency.
Baseline results
When DEA method is used to measure energy efficiency, it is inevitable that one or more DMUs are in the efficiency frontier. Therefore, the dependent variable in this paper no longer meets a continuous distribution, but becomes a mixed distribution composed of one discrete point and one continuous distribution. If conventional methods, such as OLS or Fixed Effect model, are used to estimate Eq. (8), we may get an inconsistent estimator. In order to solve this problem, Tobin (1958) constructed an indicator function which could tell the differences between the points in and within the efficiency frontier, and proposed that the model with limited dependent variable could be estimated by maximum likelihood method. Following Tobin (1958) , we use a similar method (also known as the Tobit model) to study the impact of market segmentation on energy efficiency. Table 3 shows the estimated results. The dependent variables in column (1) and (2) are ee_ebm, and the dependent variables in column (4) and (5) are ee_sbm. Control variables are not added to column (1) and (4). According to column (1) and (2), the estimated coefficient of market segmentation is negative with the significant level of 1%, indicating that market segmentation, as a beggar-thy-neighbour policy, has a negative effect on regional energy efficiency in China. The preceding analysis is verified to some extent. Furthermore, we could draw similar conclusions from the estimated results in columns (4) and (5).
Regarding the control variables, the coefficient of industrial structure (ind) is positive in the 1% level of significance. Compared with other industries, the tertiary industry has a lower energy intensity and less pollution emissions. Thus, an increasing share of tertiary industry is contribution to promoting regional energy efficiency in China (Cheng et al., 2018) . The estimated coefficient of foreign direct investment (fdi) is also significantly positive. In recent years, the Chinese government has paid more attention to the quality of economic development. Most regions have gradually abandoned the extensive economic growth, and encouraged local enterprises to import energy-efficient, low-carbon equipment as well as technology actively, which is conducive to the promotion of energy efficiency (Zhang and Zhou, 2016) . In column (5), the coefficient of energy consumption structure (ene) is negative with the significant level of 1%. Conventional energy, such as coal and crude oil, has a lower thermal efficiency. Thus, an increasing share of conventional energy consumption inhibits China's energy efficiency. This finding is consistent with Lin and Du (2015) . The coefficient of ownership is also significantly negative. In China, state-owned enterprises perform a relatively low operational efficiency and innovative vitality due to the public ownership (Han et al., 2007) . An increase share of state-owned economy is unbeneficial to the promotion of energy efficiency. This finding is consistent with Li and Lin (2017a) . It is unexpected that the coefficient of environmental regulation (reg) is negative but not significant. The reason may lie in that in contrast with the fast-growing GDP, the investment used to control pollution is still insufficient in China, and could not significantly reduce CO 2 emissions in each region (Zhao and Luo, 2017) . Table 3 Estimation results of Tobit model and GMM. Due to the diversities of geography, climate, and culture in various regions of China, some variables that are difficult to be measured accurately, such as development outlook, market volatility, may affect energy efficiency. If Eq. (8) is estimated by Tobit model only, an endogenous problem brought about by omitted variables is unavoidable. Therefore, we use the Generalized Method of Moments (GMM) to re-estimate Eq. (8) for the sake of robustness. The basic idea of GMM is to calculate the first-order difference for original equation, and then use the lagged variable as the instrumental variable in the difference equation. GMM estimation can not only correct the omitted variable bias resulted from the correlation between unobservable variables and dependent variable by difference transform, but also overcome the bidirectional causality, another kind of endogeneity, between independent variable and dependent variable by instrumental variables (Blundell and Bond, 2000) .
When we use GMM to estimate Eq. (8), two statistical tests are needed: one is Sargan test with null hypothesis that instrumental variables are valid, while the other is Arellano-Bond test for AR(1) and AR(2) with null hypothesis that there is not an autocorrelation in perturbation term it ε . In Table 3 , columns (3) and (6) show the estimated results by GMM. The dependent variables in column (3) is ee_ebm, and the dependent variables in column (6) is ee_sbm. According to AR (2) tests at the bottom of Table 3 , there is no second order autocorrelation in the perturbation term. The Sargan tests indicate that all instrumental variables are valid. Therefore, the estimated results by GMM are reliable in this paper. In columns (3) and (6), the estimated coefficients of market segmentation are all significantly negative at the significance level of 1%, suggesting that market segmentation does inhibit regional energy efficiency in China. Therefore, the conclusions drawn above are robust.
The test of regional heterogeneity
Up to now, we have verified that market segmentation significantly inhibits energy efficiency already. However, the Chinese economic development is characterized by regional imbalance. The policy objectives and intensities will vary greatly, when local governments take protectionist actions. Thus, there should be an asymmetrical inhibition of market segmentation on energy efficiency in different regions of China. In order to examine such effect, we group the study sample into three sub-samples (east, central and west) and make empirical tests. Table 4 shows the test results of regional heterogeneity. Table 4 Test results of regional heterogeneity As can be seen from Table 4 , market segmentation significantly inhibits energy efficiency in the central and western regions. This finding is consistent with the regression results that the three regions are taken as a whole. However, such inhibitory effect is insignificant in the eastern. To trace its root, the eastern region has been at the forefront of China's reform and opening up for a long time, which triggers an advanced market economy. The resources and commodities in this region flow more frequently and freely than other regions. Thus, the degree of market segmentation is relatively low and is unable to significantly inhibit energy efficiency. However, due to backward economy, the governments in the central and western regions are inclined to take protectionist measures for the sake of their own development interests. Therefore, the problem of market segmentation is relatively serious, and has a significant inhibitory effect on local energy efficiency in the regions.
5.3
The test of impact mechanisms.
The above two sections have examined the inhibitory effect of market segmentation on energy efficiency and the regional heterogeneity of such effect, but the internal impact mechanisms between them has not been thoroughly discussed yet. In this section, we will explore the mediation mechanism through which market segmentation affects energy efficiency. In fact, as mentioned above, factor market distortion is a mediation mechanism. Due to market segmentation, low-efficiency enterprises in resource-rich areas could survive from market competition by virtue of factor cost advantage. However, high-efficiency enterprises in resource-poor areas have no choice but to exit from the market because of factor cost disadvantage (He et al., 2018a) . Therefore, market segmentation distorts the resources allocation in factor markets and consequently brings about the energy efficiency loss. Besides, this paper argues for the two further mediation mechanisms. The first one is enterprises' R&D investment. The enterprises protected by local government using market segmentation measures would be prevented from normal and essential market competition. They earn high profits by virtue of policy bonuses, which undermines their innovation impetus and is unbeneficial to the promotion of energy efficiency (Parello, 2008) . The second one is industrial agglomeration. Previous literature showed that industrial agglomeration plays an important role in promoting the growth of energy efficiency by bringing about scale economies and knowledge spillovers (Lu and Tao, 2009 ). However, market segmentation hinders the sharing of technology and information among intra-industry and inter-industry enterprises, and thereby restricts industrial agglomeration (Ke, 2015) .
In order to test above impact mechanisms, we use the method described in Yao et al. (2018) to establish mediating effect model as follows: (Yin, 2018) ; it rd is the enterprises' R&D investment, which is denoted by the R&D internal expenditure of enterprises; it agg is industrial agglomeration, which is denoted by location quotient index (O'Donoghue and Gleave, 2004) 5 . Table 5 shows the test results of impact mechanism 6 . As can be seen from column (1) in distortion in factor market. Column (2) indicates that factor market distortion has a negative effect on energy efficiency. Therefore, market segmentation inhibits China's regional energy efficiency by enhancing distortion in factor market. According to column (3), market segmentation is negative to enterprises' R&D investment. Column (4) indicates that enterprises' R&D investment is positive to the promotion of energy efficiency. Therefore, market segmentation inhibits energy efficiency by reducing enterprises' R&D investment. Similarly, from column (5), it can be seen that market segmentation is unbeneficial to industrial agglomeration. Column (6) indicates that industrial agglomeration has a positive effect on regional energy efficiency. Therefore, market segmentation inhibits energy efficiency by hindering industrial agglomeration. In column (7), three mediation mechanisms are added into Eq. (8) together. We find that the estimated coefficient of market segmentation becomes insignificant, and the coefficients of dis it , rd it and agg it are still significant. It demonstrates that factor market distortion, enterprises R&D investment and industrial agglomeration are indeed the three mediation mechanisms through which market segmentation inhibits regional energy efficiency in China.
Further research:
Race to the Top tournament centering on market segmentation and its impact on energy efficiency.
In fact, there is a promotion tournament in the current administrative system in China. In other words, a Chinese local official will compete with other local officials at the same level, and whether he could achieve success in the tournament or not determines his political career promotion. Because the yardstick of this tournament is the relative economic performance, one Chinese local official cares more about the relative positioning of himself and the competitors, rather than the absolute economic quantity within his jurisdiction (Li and Zhou, 2005) . As a result, local officials prefer a competitive rather than a cooperative strategy in the tournament, which ultimately brings about a typical Prisoner's Dilemma game (Caldeira, 2012) .
The pressure of promotion tournament drives local governments to compete on a variety of fronts. In existing literatures, scholars have investigated the political competition centering on environmental regulation and technological innovation already (Bai et al., 2019; Wang et al., 2019) , but they ignored that there is a similar tournament centering on market segmentation in China. Specifically speaking, if one Chinese local official employs measures to split up market, it will become difficult for non-local products to enter the market in this region. Enterprises within his jurisdiction receive some protection, and as a result local economy could perform better than other regions (Poncet, 2005; Shao et al., 2019) . This local official, consequently, establishes a political advantage so that he is more likely to be promoted in contrast with the officials in "adjacent" regions. In order to turn from such unbenefited situation, officials in "adjacent" regions have to adopt a competitive strategy as well, and the policies carried out by them to split market are more aggressive protective than the former (Lu, et al., 2004) . In this way, the degrees of market segmentation get severer and severer due to the repeated game among the Chinese local governments, which should eventually result in a Race to the Top tournament and an inhibition of energy efficiency. In order to verify such effect, we establish the following spatial econometric model:
where W is a spatial weight matrix (30×30) which denotes a competitive relationship among 20 local officials in China and w ij is one of the elements in W. seg it is a column vector representing market segmentation index; W×seg it denotes the average degree of market segmentation of all "adjacent" regions. 1 ρ and 2 ρ denote the impact of market segmentation employed by officials in "adjacent" regions on local energy efficiency and market segmentation.
In general, the promotion tournament take place mainly in two spatial dimensions of China: the first one is geographic space, in which a local government official plays a promotion game with the officials in adjoining or near provinces geographically; the second is economic space, where there is a promotion game among local officials in the provinces with an approximate economy. In order to explore such two competitive relationships, we construct the following three spatial weight matrices: (i) The Geographically-Adjoining Weight Matrix (GAWM). If province i and j are adjoining geographically, then w ij =1; otherwise w ij =0. (ii) Geographical Distance Weight Matrix (GDWM). w ij is defined as the inverse square of great-circle distance between province i and j, which is formulated as w ij = 2 1/ ij d 7 . (iii) Economic Distance Weight Matrix (EDWM). w ij is defined as the gap of real GDP per capita between province i and j after row-standardization, which is formulated as Table 6 shows the estimated results of Race to the Top tournament centering on market segmentation and its impact on energy efficiency. Columns (1) and (2) are the results based on GAWM. Columns (3) and (4) are based on GDWM. Columns (5) and (6) are based on EDWM 8 . Table 6 Test results of Race to the Top tournament centering on market segmentation and its impact on energy efficiency As can be seen from columns (1) and (3) in Table 6 , the market segmentation of adjoining or near provinces is negative to local energy efficiency significantly. The reason lies in that the protectionist actions employed by officials in adjoining or near provinces allow it easier for them to get a political promotion, which enforces local officials to increase market segmentation and consequently is not conducive to energy efficiency. Columns (2) and (4) provide empirical evidence for this explanation. In addition, we can get similar conclusions from the estimated results based on EDWM. According to column (5), market segmentation of economically-adjacent provinces is significantly negative to local energy efficiency at the 1% significant level. The reason lies in that the market-segmentation actions taken by officials in the provinces with an approximate economy induce local government officials to increase market segmentation within their jurisdiction due to the pressure from political promotion, which is unfavorable to local energy efficiency. This explanation is supported by the empirical results in column (6). In summary, there is a Race to the Top tournament centering on market segmentation in geospatial and economic space for current administrative system in China, which triggers a long-term inhibition on energy efficiency.
Conclusions and policy implications
Increasing energy efficiency is crucial for China to address increasing concerns about a range of environmental problems from burning fossil fuels and steeply rising oil consumption and import in China and global climate change. Previous studies have noticed a negative impact of inefficient resource allocation on energy performance in China's factor market, but neglected to explore the underlying reason for this phenomenon from the perspective of market segmentation. In this paper, the EBM model, which combines the merits of radial and non-radial DEA, is employed to measure the energy efficiency in China, and price index method derived from Iceberg Transport Cost model is used to examine the degrees of market segmentation in China's provinces. On the basis, we use Tobit model to analyze the impact of market segmentation on China's energy efficiency empirically.
Our results show that of the three broadly geographical regions of China, the eastern region has a highest energy efficiency score but a lowest growth rate, and thereby the energy efficiency gap is narrowing gradually between the eastern and central regions. The growth rate in the western region is almost as high as the central, but the efficiency score is the lowest of the three regions. Thus, the efficiency gap is narrowing insignificantly between the western and eastern regions.
There is still a severe market segmentation problem in China, and the western provinces have more segmented markets than the eastern. The reason may lie in the economic gap between two regions. In addition, the market segmentation index of China is declining as time goes by, and also shows a convergence in various provinces.
Market segmentation is significantly negative to energy efficiency in China. This holds even if the endogeneity is excluded and the energy efficiency is remeasured by SBM model. The test of regional heterogeneity shows that market segmentation significantly inhibits energy efficiency in the central and western provinces, but such inhibitory effect is insignificant in the eastern. This may be associated with the non-balanced economy and resource endowment in various provinces of China. The test of impact mechanism shows that factor market distortion, enterprises' R&D investment, and industrial agglomeration are three mediation mechanisms through which market segmentation affects energy efficiency. Further research indicates that there is a Race to the Top competition centering on market segmentation among local officials in geospatial and economic space, which triggers a scrambling increase of market segmentation in China and a long-term inhibition on energy efficiency.
Based on the above findings, some important policy implications and suggestions can be proposed. First, the Chinese central government should push for eliminating local protection and accelerate market integration to the extent possible. Specifically, it is necessary to clear away all kinds of local rules and regulations that prevent the establishment of a unified national market, and to specify the powers and responsibilities of local governments to avoid frequent interference in the market economy. In addition, the central government needs to accelerate market integration by setting up a cross-regional cooperation and information sharing platform of energy economy to achieve regional complementarity. Second, it is extremely important to replace the intermediary mechanism through which market segmentation inhibits energy efficiency. Specifically speaking, the Chinese government should further undertake market reforms in the factor market by reducing the direct intervention and enabling the market to play a decisive role in the allocation of resources. Incentives are needed to encourage enterprises to increase investment in energy-saving and low-carbon technology. In pursuit of the economies of scope and scale, the Chinese central government should support industrial cooperation among provinces by establishing the cross-regional industrial and science parks. Finally, given the past performance evaluation that local officials have been promoted based on how fast they expand their local economies, evaluation for local governments needs to incorporate the overall economic, social, energy and environmental performance into consideration, rather than just take economic growth as the predominate criteria for evaluating local officials' performance. Tone (2001) proposed the SBM model in which radial assumption is avoided effectively by introducing non-radial slack variables. The SBM model with undesired outputs is as follows: 
Appendix A. Linear programming of SBM model
where each symbol has the same meaning as Eq.
(3) described in Section 3.1. In addition, drawing lessons from Li and Hu (2012) and Li and Lin (2017b) , we define ee_sbm as follows: where each symbol has the same meaning as Eq. (4). 
Appendix B.
Table B2
Test results of Race to the Top tournament centering on market segmentation and its impact on energy efficiency with ee_sbm as dependent variables 
